Heavy rainfall brought in by a typhoon often causes severe inundation in a low-lying area. Due to budget constraints, inundation level monitoring programs often cease to continue after the project ends. In such cases, forecast models capable of predicting inundation levels solely based on rainfall data to provide supportive information for responding actions during typhoons are urged. This paper aims to explore two types of typhoon inundation level forecast models based on adaptive networkbased fuzzy inference system (ANFIS): one employing only rainfall data as inputs (ANFIS-R) to cope with the situation where water level observation is lacking, and the other one using both rainfall and water level data as inputs (ANFIS-B). A methodology is proposed to identify the appropriate time interval of rainfall accumulation to be used as model inputs. The forecast capacities of the models are assessed in three aspects: prediction accuracy, peak level error, and time shift error. The proposed ANFIS models are compared with traditional ARX-based models. The results show that ANFIS-B models outperform ARX-based models on all three aspects. ANFIS-R models display comparable prediction accuracy and superior performance on peak level forecast and time shift error. This renders ANFIS-R models promising in areas lacking water level observations.
INTRODUCTION
Typhoon is a type of tropical cyclone that develops in the western part of the North Pacific Ocean between 180 and 100 W E and usually emerges in the area near Taiwan during the period from June to October. During the events, heavy rainfall carried in by typhoons often leads to severe inundation in low-lying areas. To effectively issue early warnings and damage mitigation operations for typhoon invasion, accurate forecasting on the inundation depth in the area with a few hours of lead time is crucial.
However, due to limitations in project funding, inundation level monitoring programs often cease to carry on after the project has ended. To provide supportive information for responding actions during typhoons, demands have arisen for forecast models that are capable of predicting inundation levels based only on rainfall data. To this end, the purpose of the present study is to explore the possibility of developing inundation level forecasting models solely based on rainfall data and to compare the prediction capacity of such models with those in both rainfall and water level data as inputs.
making it hard to provide forecast information in real-time to support immediate response during a typhoon. Also, substantially more data are required to specify the physical characteristics of the system for numerical models. Blackbox modeling takes a completely different approach. In black-box modeling, the relationship between rainfall and inundation level is viewed as a black-box system. Without probing into the complicated underlying physical mechanisms, black-box modeling focuses on accurately simulating the relationship between inputs and outputs of the system.
Although this approach is not capable of explaining the physical mechanisms of inundation, it can quickly provide forecasts with high accuracy that are usually comparable to the results obtained by physical-based models. This realtime forecasting capability supports the potential practice of these models in disaster prevention operations during typhoons.
So far, a large number of studies in the literature have applied black-box modeling to develop forecasting models. From the above review of related works, it appears that studies applying an ANFIS to the forecasting of inundation level for typhoons are relatively rare. It is new and topical for further study. The purpose of this paper aims to explore the characteristics of ANFIS-based models for typhoon inundation level forecast. Two types of ANFIS models are proposed. The first one uses only rainfall data as inputs (named ANFIS-R hereafter), corresponding to the cases where the inundation level monitoring programs have ceased to continue. The second type (named ANFIS-B), as a comparison to ANFIS-R, utilizes both rainfall and water level data as inputs. The performance of both types of models is evaluated by assessing the accuracy of the predicted hydrograph, the error in peak water level, and the time lag of the predicted water level. The remainder of this paper is organized as follows: the following section introduces the environmental background of the study area.
The ANFIS models are then described, the choice of input variables, and the assessing indices of model performance.
The next section discusses the characteristics of the proposed ANFIS-based models, the comparison of model performances to other approaches, and the model sensitivities to the uncertainties rooted in the inputs of rainfall and water level. Finally, the conclusions are drawn based on the findings.
STUDY REGION AND DATA
Yilan County (as shown in Figure 1 ), located in northeastern Taiwan, has a subtropical monsoon climate and is known for its rainy weather. With over 200 rainy days a year, the area has an annual average precipitation of 2,000-2,500 mm. During the seasons of summer and fall, the area is exposed to high risk of typhoon invasions. Statistics show that Taiwan is hit by an average of 2-3 typhoons each year, and 45% of these typhoons make landfall in Since its implementation, this surveillance system has collected data from eight typhoon events, as listed in Table 1 . Figure 2 demonstrates the water levels recorded at the three gauging stations and the rainfall data from QPE-SUMS during Typhoon Usagi in 2013. These data not only provide the real-time inundation information on-site of the area during each typhoon but also can be utilized to develop water level forecasting models. Preliminary studies indicated that, among all the gauging stations in the surveillance system, data from WG1 has shown the best results.
Thus, WG1 is selected as the study target in the present study. 
METHODS

ANFIS models
The early development of a fuzzy inference system (FIS) can be dated back to the fuzzy logic research of Marinos ().
After Zadeh () introduced the concept of fuzzy inference, fuzzy theory became a popular research topic. Gaussian membership function has the following form:
where σ and c are parameters to be calibrated. 
Analysis of rainfall data
To determine the proper inputs for the model, the relationship between rainfall and water level at the study site was first analyzed by conducting a cross-correlation analysis. The correlation coefficient (CC) is defined as follows (Gayen ):
where cov denotes the covariance between x and y, σ x and σ y are respectively the standard deviations of x and y, and n is the number of observations. CC ranges between À1 and 1. CC ¼ 1 indicates a completely positive correlation between x and y while CC ¼ À1 denotes completely negative correlation, and CC ¼ 0 indicates no correlation between x and y.
As both the precipitation and water level data are recorded in a 10-minute frequency, the cross-correlations between the water level data and the 10-minute rainfall increments over various lags were first calculated for all the typhoon events. The results are as shown in Figure Since the terrain in the study area is very flat, the variation in inundation level is usually not as swift as rainfall, and a certain amount of time is often required for the water to build up. This suggests that the water level in the area might be correlated more to rainfall accumulation, rather than 10-minute rainfall increments. To determine the appropriate time interval for rainfall to accumulate, the moving cumulative rainfall data corresponding to time intervals ranging from 1 to 30 hours for all the typhoon events are first constructed. there is an upward trend of average CC from lag (t) to lag (t-2), and the average CC begins to decline after lag (t-2).
The peak CC level occurs at lag (t-2), where the average CC reaches 0.91, indicating water level is most correlated with the antecedent 17-h cumulative rainfall at 2 time-lags.
In addition to lag (t-2), the CCs reach above 0.9 at lag (t), lag (t-1), and lag (t-3), suggesting that the cumulative rainfall data at these time lags are all suited for use as the input data of the model.
Model construction
The simulation results of ANFIS depend on the model structure. Given a different combination of input variables, the simulation results may be diverse. In the present study, a total of 11 models are constructed associated with various input combinations. In the choice of input variables, two methods are adopted from previous research in the field. Hence, in Model 1, CR(t), CR(t-1), and CR(t-2) are adopted as inputs. Besides, the correlation between CR(t-3) and water level also reaches above 0.9, therefore CR(t), CR(t-1), CR(t-2), and CR(t-3) are utilized as inputs to Model 2. The second common method is Pruned Sequential Time Series 
Evaluation indices
To compare the predicting capability between models, the following indices are employed to evaluate model performance.
Coefficient of efficiency
Coefficient of efficiency (CE) was proposed by Nash & Sutcliffe () for the evaluation of a hydrologic model. CE is defined as follows:
where y obs and y est respectively denote the observed and estimated water levels, y obs is the average observed water level, and n t is the number of data points. A CE value closer to 1 indicates a smaller difference between the estimated water level and the observed level.
Peak level error
where y p,obs and y p,est respectively denote the observed peak water level and the estimated peak water level. A peak level error (PE) value closer to 0 indicates a smaller difference between the estimated peak water level and the observed peak water level.
Relative time shift
It is shown in Talei The ANFIS toolbox in MATLAB is utilized for model construction. After a preliminary study, Typhoon Usagi 
was selected for calibration of the models. For each model, the indices introduced above are calculated for all typhoon events, and the results, including the event-averaged mean, the maximum, and the minimum in all events, are used as the basis for evaluating model performance.
RESULTS AND DISCUSSION
Characteristics of the models
The 11 models constructed above are employed to forecast inundation levels with prediction leads of 0.5 and 3 hours, 
ANFIS-R models that use only rainfall data as inputs, while models M6-M11 refers to ANFIS-B models that include H(t)
in the inputs.
In terms of CE performance shown in Figure 6 (a),
ANFIS-B models (M6-M11) obviously outperform ANFIS-R models (M1-M5) in forecasting H(t þ 3). The average
CEs are all above 0.9, and the distributions are also concentrated. In contrast, the average CEs of ANFIS-R models (M1-M5) are about 0.7 with much wider distributions.
Increasing the lead time to 3 hours (i.e. H(t þ 18)), as shown in Figure 6 (d), the average CEs of ANFIS-B models decline to about 0.8, and the distributions are also wider.
However, their overall performances are still better compared to ANFIS-R models. This finding implies that the it appears that ANFIS-R models still outperform ANFIS-B models with generally higher average 1-RTS scores.
In summary, ANFIS-B models generally outperform ANFIS-R models in terms of CE but are inferior to them in terms of RTS, an indicator of the time shift problem. As to PE, ANFIS-R models are slightly better than ANFIS-B models but the differences are not significant.
Model comparison
To conduct a comprehensive evaluation of these models, each model is rated by the following index (Talei et al. ) :
where the subscript j indicates model id; a 1,j , a 2,j , and a 3,j respectively take into account the diversity of CE, PE, and RTS for model rating, and are defined as follows:
where d i,j denotes the difference between the maximum and minimum values of index i for model j, and it is normalized using d i,max , the maximum among all the 11 d i,j values. d i,j reflects the diversity of the typhoon events on index i for model j. If d i,j is large, a i,j declines according to Equation (9), causing a penalty effect on R j and the overall score of the model deteriorates. Table 3 shows the evaluation result for the 11 models in forecasting H(t þ 18). As shown in the table, model M6
achieves the highest score in R, followed by model M4
with the second highest score. The performance of these two models is examined, as presented in Figure 7 NLARX-W models. On the other hand, M4 is a little less than the ARX-based models, but the difference is not very significant.
It should be noted that M4 employs only rainfall data as inputs, while ARX and NLARX-W use both rainfall and water level data in the inputs. Still, as can be seen in Figure 8 (a), M4 is able to reach comparable CE performance with ARX-based models by using lesser inputs. 
Attempts on improving RTS
The above explorations show that, in general, M6 as the best ANFIS-B model delivers good performances except in RTS at short prediction lead. It is speculated that including more antecedent water level data in the inputs might provide information on the rate of change in water levels, which in turn might improve the RTS performance of model M6.
Thus, three extended models are created based on M6's model structure, namely M12, M13, and M14. In these new models, the antecedent water levels H(t-1)-H(t-3) are also considered as input variables to examine the effect of these variables on water level forecasts. M12 has similar inputs with M6 but takes account of one more input H(t-1). Similarly, M13 has two more inputs, H(t-1) and H(t-2); and M14 has three more inputs, H(t-1), H(t-2), and H(t-3). The input variables of these three extended models are as listed in Table 4 . The performances of M6, M12, M13, and M14 on CE, 1-PE, and 1-RTS are respectively compared in Figure 9 (a)-9(c). Results indicate that after including antecedent water levels as input variables, surprisingly, these extended models not only show no improvement on RTS but also exhibit, in general, poorer performance in terms of CE and PE, as shown in Figure 9 (a)-9(c). That is to say, including antecedent water levels as input variables cannot enhance the forecast capability of models but will rather drag down their performances. This might be due to redundant information somehow being provided to the ANFIS models. Similar results have also been reported by Mitra & Hayashi () . 
Sensitivity analysis
The rainfall forecast from QPESUMS is used as model inputs in the present study. The accuracy of rainfall forecast is an important factor which affects the result of the water level prediction. A sensitivity analysis was thus carried out to investigate the effect of rainfall uncertainty on model predictions. Error statistics by means of CC (R), root mean square error (RMSE), bias (B), and scatter index (SI) are assessed, which are computed as: SI ¼ RMSE y obs (13)
The sensitivity of each model on the rainfall data is examined by perturbing the rainfall data by 5% while the water level data remains fixed. The absolute differences in the four error indices, R, RMSE, B, and SI associated with the perturbed rainfall data are calculated. The results are shown in Table 5 , as designated by the perturbed parameter of CR. It is noted that M11 does not use rainfall data as an input and thus is excluded in the sensitivity analysis associated with CR. As shown in the table, in general, ANFIS-R models appear to be more sensitive to the variation of rainfall data than ANFIS-B models, as designated by the generally greater absolute differences in the error indices (i.e. jδ R j, jδ RMSE j, jδ B j, and jδ SI j) for ANFIS-R models. As shown in Table 5 , for 5% of rainfall variations, jδ RMSE j are around 0.10-0.12 m for ANFIS-R models, whereas they are only 0.01-0.015 m for ANFIS-B models.
The effect of water level input on the forecast is also investigated via the sensitivity analysis. Water level forecasts associated with 5% of perturbation on the water level input are conducted, and the absolute differences in the four error indices, R, RMSE, B, and SI are calculated. The results are shown in Table 5 , as designated by the perturbed parameter of H. It is noted that in the table only ANFIS-B models are subjected to the sensitivity analysis associated with H because ANFIS-R models use rainfall data as inputs only.
As shown in Table 5 , it appears that ANFIS-B models (M6-M14) are, in general, more sensitive to the water level data (H) than to the rainfall (CR), as signified by the greater absolute differences in the four error indices of jδ R j, jδ RMSE j, jδ B j, and jδ SI j resulting from perturbations on H than on CR. As shown, for 5% of perturbations on H, as inputs to forecast future water level, being highly sensitive to water level data, the model relies more on the information from current water level than from rainfall prediction. As a result, the predicted water level tends to be lagged behind the water level observation as it happens, hence producing the time shift error. Including more antecedent water level data in the inputs will only cause the model to rely more on past water level than on rainfall prediction, and consequently deteriorates the time shift error even more.
ANFIS-R models, on the other hand, spare this deficiency because they employ only rainfall predictions in the inputs. It is noted that, since the models were trained using measured rainfall but run using projected rainfall, in practice there will be errors on account of the rainfall forecast as well. Thus, the quality of rainfall forecast will affect the accuracy of the model prediction as the model cannot account for errors that are inherent in the inputs. The accuracy of the rainfall forecast, which it is believed will improve 
CONCLUSIONS
The characteristics of ANFIS-based models for typhoon inundation level forecasts have been explored. Based on correlation analysis on rainfall and water level data in the study area, two types of ANFIS models were proposed: ANFIS-R which uses only rainfall data as inputs to cope with cases where water level surveillance programs have ceased to continue, and ANFIS-B which takes in both rainfall and water level data as inputs. In total, 11 models were constructed and the forecast accuracy, the PE, and the time shift error for each of the models were assessed in terms of CE, PE, and RTS. The results show that, while ANFIS-R models generally have lower CE performance than ANFIS-B models, they nevertheless outperform ANFIS-B models in terms of PE and RTS with lesser peak error and time shift. 
